1. To quantify the effect of the surrounding landscape context on a biological response at a site, most studies measure landscape variables within discs centred on this biological response (threshold-based method, TBM). This implicitly assumes that the effect of a unit area of the landscape is consistent up to a threshold distance beyond which it drops to zero. However, it seems more likely that the landscape effect declines with increasing distance from the biological response point.
| INTRODUCTION
Biological organisms interact with both the local and surrounding environments (i.e. the landscape), leading to a landscape context effect on biological responses measured at a focal point. The spatial extent (here, "scale") to which the landscape affects populations and ecosystems depends on the organism and process (Levin, 1992) . For instance, the environment should affect large organisms at a larger scale than small organisms (e.g. Thornton and Fletcher, 2014 for birds), and distinct environmental variables may affect a given species at distinct scales (Carr et al., 2002) . Understanding the effect of the surrounding landscape on biological organisms and processes thus requires that we identify the most relevant spatial extent at which to measure the landscape variables (Miguet, Jackson, Jackson, Martin, & Fahrig, 2016) .
Often landscape variables are calculated within concentric, nested discs around the points where the ecological response is measured (Jackson & Fahrig, 2015) (Figures 1a and 2a) . A statistical model relating the response variable to the landscape predictors is fitted for each considered disc radius ( Figure 2b ). The radius where the response variable is best predicted (e.g. lowest AIC) or explained (e.g. highest
R
2 ), or where the effect is the strongest (e.g. largest regression slope)
defines the "scale of effect" (Figure 2c ). We call this method for determining the appropriate landscape scale the threshold-based method (TBM).
Intuitively, the TBM seems to be an overly coarse or even unrealistic simplification of the real spatial pattern of landscape effect. It assumes that the effect of the landscape variable per unit area on the ecological response is the same, no matter how far from the response one is within the landscape, up to a threshold distance ( Figure 1a ). This is unrealistic because intuitively we would expect that the effect of the surrounding landscape on an ecological response should decline continuously with increasing distance from the point where the response is measured (Figure 1b ). For example, it takes less time and energy to access resources that are nearer to a nest, so nearby resources should have a stronger positive impact on nesting success than resources farther from the nest. For this reason, individuals interact more with the nearby environment than sites farther away (e.g. bats : Henry, Pons, & Cosson, 2007; bees: Olsson, Bolin, Smith, & Lonsdorf, 2015) . In addition, the probability of a potential immigrant reaching the focal site from a given site within the surrounding landscape should decline continuously with increasing distance from the focal site, because dispersal kernels decrease continuously with distance (Clark, Silman, Kern, Macklin, & HilleRisLambers, 1999) . These arguments suggest that quantification of the effect of landscape context variables on a response at a site might be improved over the TBM by weighting the landscape variables by a continuous function that decreases with increasing distance from the ecological response ( Figure 1b ) (Aue, Ekschmitt, Hotes, & Wolters, 2012; Chandler & Hepinstall-Cymerman, 2016; Walsh & Webb, 2014) . Management implications could be quite different for landscape contexts estimated using the TBM vs.
the distance-weighted method (DWM). For example, a sharp decrease in landscape context effect with increasing distance would indicate that the majority of landscape management effectiveness could be obtained by focusing actions in the vicinity of the focal points.
We propose a method to estimate an optimal function for weighting landscape variables by distance from the measured ecological response ( Figure 2d ). We illustrate the method using empirical data on two bird species and one beetle species, and we compare the management implications of the fitted distance-weighted curves to the management implications of using the TBM for the same datasets.
| MATERIALS AND METHODS

| Method to compute the distance-weighted landscape variables
The distance-weighted landscape variables are obtained by weighting the spatial distribution of each landscape variable by a decreasing function of the distance from the point where the biological response is measured.
K E Y W O R D S
distance decay, habitat model, kernel, landscape buffer, landscape context, landscape extent, landscape management, landscape structure, scale of effect, spatial scale F I G U R E 1 Two ways of considering the landscape effect.
(a) The landscape variable is calculated in a disc, with the implicit assumption that the effect of the landscape variable per unit area on the ecological response is constant up to a given threshold distance, and drops suddenly to zero beyond this distance. (b) The effect of the landscape variable per unit area on the ecological response decreases continuously with distance from the site where the response is measured
| Definitions
We define the following functions.
The "weighting function," f w , is a positive function that quantifies the relative weight of a unit area of the landscape as a function of its distance from the ecological response (e.g. a negative exponential function, a Gaussian function, an exponential power function; Figure 3a , Table 1 ). Note that the TBM is a particular case of the DWM where the weighting function is constant up to a threshold distance and zero beyond that distance. Nevertheless, in the following, we keep the distinction between these two methods, to ease comprehension and perform comparisons between them.
The "distance function," f d , describes the relative weight of a given distance of the landscape (i.e. a ring at that distance) as a function of distance from the ecological response ( Figure 3b ). f d quantifies the relative weights of rings of the same width at different distances from the ecological response. f d is a probability density function based on the weighting function f w and takes into account the fact that the area of a ring of radius r and width dr increases with r as 2·π·r·dr.
The "cumulative distance function" F d describes the cumulative weight of the landscape (over a whole disc) up to a given distance r from the ecological response (Figure 3c ).
| Calculation of the distance-weighted landscape variable
The distance-weighted landscape variable X w is estimated at each response site. f w is the weighting function; X(M) is the value of the landscape variable X at the spatial point M. d M is the distance of M from the site where X w is estimated. dS M is an infinitesimal area around M used for the integration. If the landscape attribute of interest is a specific land cover, X takes the value 1 where the land cover is present and 0
where it is absent.
To be applied, this formula needs to be discretized, either in pixels or in rings ( Figure S1 ).
For the pixel discretization ( Figure S1a ), the spatially weighted variable X w is then calculated following Equation 4. i, j is the location of M on the landscape grid; w i,j is the relative weight of the pixel i, j; X i,j is the average value of the landscape variable X for pixel i, j; f w is the weighting function; d i,j is the distance of i, j from the site where X w is estimated. 
| Estimating the optimal parameters of the weighting functions and choosing the best weighting function among different families
For each family of weighting function, the response variable is fitted to the weighted landscape variable for a range of parameter values and model fit is estimated for each (e.g. using AIC, QAIC, R 2 or regression coefficient), allowing estimation of the best parameters for each family ( Figure 2d ). Fits across families are then compared to define the final best function of the DWM.
The TBM is simply the DWM using a threshold weighting function ( Figure 3 ).
| Illustration using empirical data
We estimated the best radius of the TBM and the best weighting function of the DWM. We then compared the shape of the weighting function obtained by the DWM to the shape of the threshold weighting function assumed by the TBM, quantifying: (1) how the models differ in the estimated landscape size needed to capture a given percentage of the landscape context effect, and (2) what proportion of the landscape effect estimated by the DWM is encompassed within the disc estimated by the TBM.
| Data: ecological responses and landscape variables
We used data collected for a study evaluating the effects on biodiversity of the spatial structure of agricultural landscapes. For details of the sampling design see Fahrig et al. (2015) . We used abundance data on two threatened grassland specialist bird species, Savannah sparrow (Passerculus sandwichensis) and Bobolink (Dolichonyx oryzivorus), and one very abundant carabid beetle, Pterostichus melanarius.
We used landscape predictor variables positively related to the study species: grassland cover for both bird species, forest cover for the Bobolink, and corn cover for the beetle.
| Statistical models
We fit species abundance to the landscape variable for each dataset.
The responses were the number of individuals detected (birds) or the log-transformed mean abundance per trap (beetles) and the predictors T A B L E 1 Weighting functions f w from four families. r is the distance from the ecological response. K is a normalizing constant whose value does not change the relative weights. α and β are the parameters that control the shape of the function within each family
were the (distance-weighted or threshold-based) landscape variables.
We used generalized linear models (GLM) with a Poisson distribution and a logarithm link function for bird count data, and a linear model (LM) for log-transformed mean beetle abundance per trap, separately for different weighting functions. We estimated model fit using AIC for beetle data, and QAIC instead of AIC to account for overdispersion for the bird count data (Burnham & Anderson, 2002) . All calculations were performed in R (R Core Team 2015).
| Comparison of the two methods
We compared the DWM to the TBM for the four combinations of response and landscape variable as follows.
(1) We identified the parameter values that gave the lowest AIC (or QAIC) for the TBM and three families of weighting function: negative exponential; Gaussian (half-bell curve); and exponential power function (Table 1) Figure   S2 ). The distance-weighted landscape variables were calculated using the ring approach ( Figure S1b ) with a ring width of 50 m. The best weighting function of the DWM is the best function among the three tested families. The corresponding AIC (or QAIC) was compared to that of the TBM. Using these parameter values, the computing time was between 2.8 and 5.5 hr per dataset (using a standard computer).
(2) We compared the DWM to the TBM by comparing the landscape radius "containing" a given proportion of the landscape context effect, using the cumulative distance functions for the best DWM weighting function and the best TBM threshold function.
| RESULTS
The fit of the DWM was slightly better than the fit of the TBM for three of the four datasets. The DWM decreased the ΔAIC by 1.8, 4.9 and 5.9 for the Savannah Sparrow (grassland), the Bobolink (forest) and P. melanarius (corn), and pseudo-R² were slightly larger (Table 2) .
Although the improvement in model fit was not large, the implication for landscape management was very significant (see Discussion) due to the shapes of the DWM's best weighting functions. All three were exponential power functions with a very sharp drop over a short distance from the bird or beetle sample sites (Figure 4a ).
The radii within which 90% of the landscape context effect occurs (d 90 ) for the DWM were around two times larger than their TBM value (e.g. d 90 increased from 710 m to 1,690 m for P. melanarius, Table 3 ).
The estimated d 30 were smaller for the DWM, around 70% of their TBM value (e.g. d 30 decreased from 410 m to 290 m for P. melanarius, Table 3 ). This indicates that the TBM underestimates both short and long distance effects of the landscape (Figure 4b ). The differences between the two methods were even greater when considering the areas corresponding to these characteristic distances. For example, for P. melanarius, A 90 , the area corresponding to d 90 , was about 5.7 times larger when estimated by the DWM than when estimated by the TBM (Table 3) .
| DISCUSSION
The shapes of the fitted weighting functions of the DWM were very different from the threshold functions of the TBM, with large implications for landscape management. These implications will depend on the objectives and constraints of a particular management situation.
For example, in a situation where a species is highly endangered and T A B L E 2 Results of the distance-weighted method (DWM) compared to the threshold-based method (TBM). ΔAIC refers to ΔQAIC for (1), (2) and (3), and ΔAIC for (4). The reference model for the ΔAIC values is the null model with only an intercept and no predictor (i.e. the table provides the difference between the AIC of the model with the landscape variable minus the AIC of the null model). Pseudo-R² is the ratio of explained to total deviance for the relationship between the species response and the landscape variable Our comparisons using the empirical datasets suggested small differences in model fit between the TBM and the DWM. However, our analysis "stacked the deck" in favour of the TBM, relative to the usual application of the TBM in the ecological literature. Typical multi-scale landscape context studies select only a small number of F I G U R E 4 Weighting function curves evaluated by the threshold-based method (blue lines) vs. distance-weighted method (red lines) with empirical data, for two bird species (Savannah Sparrow (1) and Bobolink (2 and 3)) and one carabid species (Pterostichus melanarius (4)). The species abundances were predicted by different landscape variables: grassland (1 and 2), forest (3) and corn (4) There are several possible reasons for the similar fit of the TBM and the DWM. At the smallest distances, where the difference in models shape is large, the area involved is small, so the difference in the weighting functions has only a small impact on the global statistics of model performance (even if the effect is large). Similarly, at the largest distance, the effect of the landscape is small (it tends to zero), so neglecting large scale effects using the TBM approach will also have a small impact on global statistics of model performance. Second, the values of a landscape variable at one extent (one ring) will be highly correlated to its value in nearby rings. Thus the TBM, which gives the same weight for nearby distances, should perform nearly as well as a weighting function that gives two different weights. Third, the relationship between the response and the landscape variable may be weak, especially if sample size is small or if the resolution of the landscape data is very coarse, which will make a dependence on distance less apparent. For example, if the landscape effect is mainly within a small distance but the resolution of the landscape data is too coarse to estimate the landscape effect at small distances, then a decreasing function of the distance is less likely to perform better than a TBM.
Finally, if the actual functional shape of the landscape effect is more complex (e.g. two peaks due to two dispersal processes), then the evaluated families may be inappropriate and perform equally badly.
Evaluation of the DWM on a large set of simulated data would help determine how these factors affect the choice of the best weighing function. Using simulated data, Chandler and Hepinstall-Cymerman (2016) , recently showed that parameters of a Gaussian weighing function were better estimated when there was spatial autocorrelation in the landscape variables but they did not explore other weighing functions nor did they compare their results with the TBM. The ecological interpretation of the weighting function shape may be related to the shape of the dispersal kernel of the studied species, to the spatial pattern of the organism's use of the landscape within its home range, or a combination of both. Dispersal distance and home range size are often used to justify the chosen landscape size (Jackson & Fahrig, 2015) . But other factors such as the type of biological response, the nature of the landscape variable or the spatial structure of the landscape variable may have important influences on the area of the relevant landscape context (Miguet et al., 2016; Ricci, Franck, Valantin-Morison, Bohan, & Lavigne, 2013) , and these parameters may also influence the weighting function shape.
We illustrated the DWM approach using a measure of landscape composition as the landscape predictor. However, the method can accommodate easily some configuration metrics that are based on mean of patches, e.g. mean patch size, mean patch edge:area ratio, mean patch fractal dimension. Each pixel at a given distance is assigned the value of the metric for the patch in which it is located. The mean is then calculated across all pixels at that distance.
In this article, we propose a new method to estimate the landscape context effect and illustrate it using four datasets. The method is general and can be applied on any biological response. While our results suggest that the method is promising, additional work is needed. First, we need comparisons between the TBM and the DWM for additional T A B L E 3 Comparison of the estimated weighting functions for the threshold-based method (TBM) and distance-weighted method (DWM it is most important to estimate a distance-weighting function. In addition, it will be important to determine whether there are cases where the two approaches produce qualitatively different directions and/or amplitudes of the relationships between the landscape predictor and the ecological response. In our examples, the estimated directions and amplitudes of the effects were qualitatively equivalent for the two methods.
To conclude, estimating the distance-weighted effects of landscape context variables improves our estimation of the spatial distribution of the landscape context effect over the more usual TBM.
Further research is needed to test the DWM on a large range of datasets and systematically compare its results to the TBM. This can be easily performed within a single framework since the TBM is a specific case of the DWM where the weighing function is a threshold function. If continuously decreasing weighing functions are found to be best in most cases, application of the DWM should result in improved management through more appropriate spatial allocation of management resources.
